This paper reports the results of a recently completed real-time adaptive drag minimization wind tunnel investigation of a highly flexible wing wind tunnel model equipped with the Variable Camber Continuous Trailing Flap (VCCTEF) technology at the University of Washington Aeronautical Laboratory (UWAL). The wind tunnel investigation is funded by NASA SBIR Phase II contract with Scientific Systems Company, Inc. (SSCI) and University of Washington (UW) as a subcontractor. The wind tunnel model is a sub-scale Common Research Model (CRM) wing constructed of foam core and fiberglass skin and is aeroelastically scaled to achieve a wing tip deflection of 10% of the wing semi-span which represents a typical wing tip deflection for a modern transport such as Boeing 787. The jig-shape twist of the CRM wing is optimized using a CART3D aero-structural model to achieve the minimum induced drag for the design cruise lift coefficient of 0.5. The wing is equipped with two chordwise cambered segments for each of the six spanwise flap sections for a total of 12 individual flap segments that comprise the VCCTEF system. Each of the 12 flap segments is actively controlled by an electric servo-actuator.
I. Introduction
Air vehicles are typically designed to maintain sufficient structural rigidity for safe load-carrying capacity. Advanced composite materials have gained widespread adoption as materials of choice for modern airframe structures. This adoption is driven by the need to reduce airframe operational empty weight (OEW) which is a major consideration for improving energy efficiency. Composite structures tend to exhibit less structural rigidity while providing the same load-carrying capacity. An example of light-weight airframe design is the Boeing 787 Dreamliner aircraft, which has a more flexible wing structure than older-generation aircraft. This increased structural flexibility afforded by modern materials could be exploited to improve aerodynamic efficiency of future air vehicle concepts. 1 As the wing flexibility increases, aeroelastic interactions with aerodynamic forces and moments can alter aircraft aerodynamics significantly, thereby degrading aerodynamic efficiency. Increased drag, hence increased fuel burn, is one such potential consequence. Without means for aeroelastic compensation, the benefit of weight reduction afforded by composite materials could be offset by suboptimal aerodynamic performance at off-design flight conditions. Performance Adaptive Aeroelastic Wing (PAAW) technology can potentially address these technical challenges for future flexible wing transports. PAAW technology leverages multi-disciplinary solutions to maximize the aerodynamic performance payoff of future adaptive wing design, while simultaneously addressing operational constraints that can prevent optimal aerodynamic performance from being realized.
To address the performance aspects of wing flexibility in transport design, NASA developed a wing shaping control concept called the variable camber continuous trailing edge flap (VCCTEF) in 2010. [1] [2] [3] This study shows that highly flexible wing aerodynamic surfaces can be elastically shaped in-flight by active controls of wing twist and bending to optimize the wing shape for improved aerodynamic efficiency. Subsequently, this study has been further investigated since 2011. Boeing Research and Technology collaborated with NASA under a two-phase study to further develop the VCCTEF concept. The Phase I study was performed during 2012 to refine the initial VCCTEF concept and develop actuation mechanisms. 4, 5 The Phase II study was a two-year effort from 2013 to 2014. The objectives of the Phase II study were to conduct aeroelastic analysis and flutter suppression control as well as two wind tunnel experiments to validate the VCCTEF design for cruise and high-lift performance. [6] [7] [8] The VCCTEF system, as shown in Fig. 1 , employs a light-weight shaped memory alloy (SMA) technology for actuation and three individual chordwise segments, as shown in Fig. 2 , to provide a variable camber aerodynamic surface to shape the chordwise pressure distribution for improved aerodynamic performance. The VCCTEF system is divided into multiple sections attached to the outer wing and the inner wing. Each spanwise flap section has three cambered flap segments that can be individually commanded. These cambered flaps are joined to the next section by a flexible transition material installed with the same shape as the camber and thus providing a continuous trailing edge flap throughout the wing span with no drag-producing gaps. 5 This continuous trailing edge flap design combined with the flap camber result in lower drag increase during flap deflections. In addition, it also offers a potential noise reduction benefit. This results in the ability to control the wing twist shape as a function of span, resulting in a change to the wing twist to establish the best lift-to-drag ratio (L/D) at any aircraft gross weight or mission segment. Current wing twist on commercial transports is permanently set for one cruise configuration, usually for a 50% loading or midpoint on the gross weight schedule. The VCCTEF offers a mission-adaptive wing capability by enabling a different wing twist setting for each gross weight condition and also different settings for climb, cruise and descent, a major factor in obtaining best L/D conditions. Adaptive wing technologies such as the VCCTEF are envisioned to provide the ability to automatically reconfigure a wing configuration in-flight to maximize the cruise aerodynamic efficiency. In an ideal setting, an integrated adaptive wing design would incorporate many subsystems including actuation mechanisms, sensors, flight control system, flight management system, and software algorithms. The full potential of adaptive wing technologies can be further realized if these subsystems can be designed synergistically to achieve real-time drag optimization in-flight.
In the current practice, cruise drag optimization in modern transport design is implemented as a table-lookup method for scheduling flap settings as a function of aircraft gross weight, airspeed, and altitude. The table-lookup method generally depends on a validated analytical model of the reference geometry of a particular aircraft design. The analytical model must be validated with wind tunnel and flight test data to ensure the accuracy of the performance prediction. Aircraft production variances, however, can result in varying performance characteristics among aircraft. Different operating conditions such as gross weight, airspeed, and altitude could also contribute to the variability of the aircraft performance. All of these possible variations can result in a wide range of performance characteristics and uncertainty in the table-lookup method.
Real-time drag optimization strategy could hold promise and could provide more flexibility than the table-lookup method. It is perhaps the ultimate goal of the adaptive wing vision to make aircraft 'smarter' and truly missionadaptive. However, many technical hurdles must be overcome in order to realize this vision. In a larger picture, such a strategy must be able to predict the aerodynamic performance very accurately by estimation using only data from sensors and flap inputs. The sensors themselves must be able to reliably and accurately measure the aerodynamic performance parameters. The performance estimation has to be coupled to the flight control system which sends commands to the flap actuators. The real-time drag optimization must be able to compute in real-time the optimal flap configuration and aircraft states. Then, the outputs from the real-time drag optimization are to be translated into commands to be processed by the aircraft flight control system and or flight management system. This strategy has been examined in a recent study which proposes a real-time model identification technique based on the recursive least-squares method to construct an on-line surrogate aerodynamic model of a flexible wing aircraft. 9 The surrogate aerodynamic model is then used in a gradient optimization to compute the optimal setting of the VCCTEF that minimizes the cruise drag while maintaining the aircraft flight path.
The VCCTEF technology has undergone a series of low-speed wind tunnel tests in the University of Washington Aeronautical Laboratory (UWAL) to validate this technology. To date, three wind tunnel test campaigns have been completed. The first wind tunnel test campaign was conducted in 2013 to assess the aerodynamic performance of the VCCTEF. 10, 11 This test shows that up to 6% drag reduction has been observed in the experimental data for the tested VCCTEF configurations. The second wind tunnel test campaign was conducted in 2014 to assess the high-lift performance of the VCCTEF. 12, 13 The high-lift wind tunnel model incorporates one variable camber Fowler flap at the inboard as part of the VCCTEF system along with a variable camber Krueger continuous leading edge slat. The test results show that the VCCTEF can achieve the necessary high-lift C L max requirement. The third wind tunnel test campaign was conducted in 2017 and 2018 to validate the real-time drag optimization strategy which is the subject of this paper. A fourth wind tunnel test campaign is currently underway to validate a multi-objective gust load alleviation and drag optimization control technology in 2019.
The real-time drag optimization wind tunnel test is funded by a NASA SBIR Phase II contract with Scientific Systems Company, Inc. (SSCI) and University of Washington (UW) as a sub-contractor. This wind tunnel test comprises three different test entries which took place in the UWAL in 2017 and 2018. Unlike the first two wind tunnel test campaigns, the VCCTEF is actively controlled by servo-actuator mechanisms in the real-time drag optimization wind tunnel test. As a result, the wind tunnel model is a much more complex mechanism than the previous wind tunnel models. The first wind tunnel test entry took place in September 2017. This test revealed major hardware issues and required further redesign of the flap actuators. The second test entry took place in April 2018 when the real-time adaptive drag optimization was first conducted. However, the test objectives were not met due to the issues with the onboard aerodynamic model identification algorithm which incorrectly identified model parameters due to incorrect settings in the software algorithm. As a result, the real-time drag optimization failed to find optimal solutions. The third and final test entry took place in June 2018 after the issues with the onboard aerodynamic model identification algorithm have been identified and corrected. The test objectives were successfully demonstrated this time as the real-time drag optimization was able to identify several optimal solutions. This paper describes the development of the real-time drag optimization strategy for the wind tunnel experiment, the experimental set-up, and the experimental results.
II. Wind Tunnel Model Description
The wind tunnel model for the real-time drag optimization experiment is a sub-scale model of a Common Research Model (CRM) wing. 14 Comparing to the wing planform of the full-scale CRM wing starting at the side-of-body wing station, 14 the wind tunnel model is a 8.2% sub-scale CRM wing. This CRM wing is designed to have about a wing tip deflection of 10% of the wing semi-span to represent a typical wing flexibility of the current state-of-the-art high aspect ratio wings of modern transport aircraft such as the Boeing 787. The wing is 85 inches in length with a leading edge sweep angle of 35 • at the quarter chord. The wing physical parameters are provided in Table 1 .
The original CRM wing geometry 14 is a cruise shape outer mold line (OML) with a jig-shape twist to account for the wing aeroelastic deflection at the design cruise condition. Modifications are made to the original CRM wing geometry to account for the increase in the wing flexibility with a 10% wing tip deflection. The cruise shape OML is removed by flattening the original CRM wing geometry. A new jig-shape twist is then applied to the flattened OML. The new jig-shape twist is computed by an aero-structural optimization using the CART3D Euler CFD code coupled to a notional structural beam model of the wing for the design C L = 0.5 at Mach 0.3. The optimized incremental jig-shape twist is shown in Fig. 3 . This incremental jig-shape twist is then applied to the original design jig-shape The wing is constructed using a foam core covered with a two-layer fiberglass skin as shown in Fig. 4 . The continuous fiberglass skin construction provides a clean aerodynamic surface for accurate lift and drag measurements and does not follow a common beam / aerodynamic shell design practice for subsonic aeroelastic wind tunnel models. The VCCTEF system comprises six active two-segment control surfaces. These 12 control surfaces are driven by 12 independent servo-actuators for the real-time drag optimization strategy. The flap segments and actuator housing are made of aluminum. The flap gaps are sealed with elastomer transition inserts to provide the continuous trailing edge. The 12 flap segments are numbered from 1 to 6 from inboard to outboard. The inner cambered segment is designated with the letter A and the outer cambered segment is designated with the letter B. The flap numbering is shown in Fig.  5 . 15 The wing is attached to the sidewall balance in the test section in a horizontal position via a steel tube to which the wing is bolted at the load block, as shown in Fig. 5 . 15 The sidewall balance provides the lift, drag, and pitching moment measurements. A control system computer is interfaced with the wind tunnel data acquisition system to drive the angle of attack and flap positions during the experiment.
The sidewall balance measures 6 force and moment components. The wind tunnel test only concerns with the lift and drag measurements. To alleviate the boundary layer effect in the test section, the wing is mounted 6 inches off the sidewall through a hole in a non-metric splitter plate, as shown in The flap actuators are packaged inside the outer mold line of the wind tunnel model to provide a clean aerodynamic surface with no external protuberances. The requirement for the flap actuators to be able to fit in the small internal flap volumes presents a significant challenge in the design which places limitations on the size and power of the actuators. A typical flap actuator assembly is shown in Figs. 7 and 8. Initially, the actuators selected for the wind tunnel model are Spektrum A7050 thin-wing servos which were used during the first test entry. These servos were modified as linear actuators. However, these servos experienced high load duty cycles during the test which caused cracking in the plastic servo housing. These servos were then replaced with more robustly designed MKS HV6130 servos. 15 Each actuator is installed in an aluminum cradle, along with an optical encoder sensor to measure the actuator extension. The optical encoders are US Digital EM2 quadrature encoders with differential A and B quadrature. The optical encoders can support a resolution of 0.000125 inches which produces an angular resolution better than 0.1 degrees. In actual practice, the accuracy of the flap position is on the order of 1 degree, and in some cases could be up to 3 degrees. This relative low resolution of the flap position is due largely to the mechanical backlash and the manufacturing tolerances of the flap hinges, as well as the servo lead screw misalignment. 15 Initially, the elastomer transition inserts that connect the neighboring flap segments to provide a continuous trailing edge were made of solid silicone rubber. Figure 9 shows the silicone rubber transition inserts being stretched by the flap deflections. During the first test entry, these silicone rubber transition inserts were quite stiff and created too much resistance to the flap motion. These transition inserts were replaced with a new dual-material 3D-printed design with a hollow cross section as shown in Fig. 10 . Figure 11 shows a 3D printed transition insert installed on the wing during the second test entry in April 2018. 15 
III. VCCTEF Control System
The VCCTEF control system was developed to provide a TCP network interface to the individual servos for each of the flap segments. The control system interfaces with the actuator control via an onboard microcontroller and acts as networked device for the real-time drag optimization algorithm to communicate with. Two microcontrollers are used to close the feedback loop, as shown in the schematic diagram of the control system in Figure 12 The first microcontroller, an Arduino Pro Mini (ATmega328) located in the flap housing, is tasked with generating pulse-width-modulated (PWM) servo control signals to drive the servos. The Arduino Pro Mini interfaces with a 16-channel TLC5940 PWM driver that supplies the PWM signals to the servos.
The second microcontroller, a 32-bit ARM processor-based microcontroller Arduino Due performs the feedback action on the error signals between the encoder positions and the commanded values to control the flap servos. The Arduino Due is housed in a separate control box located outside the wind tunnel test section. The quadrature encoders transmit their signals via a differential line driver (US Digital PC4-H10 driver) to the control box. Twelve LS7366R quadrature encoder counter chips convert quadrature encoder signals into counts which are fed to the Arduino Due via Serial-Parallel Interface (SPI). 15 The control system also interfaces with the wind tunnel data acquisition system which supplies the balance output signals for lift, drag, and pitching moment (not used), as well as the angle of attack signal. The balance output signals are raw signals without any wind tunnel correction for tare and other necessary corrections.
A VICON Nexus 3D motion tracking system with 6 VICON Bonita infrared cameras is used to track the position of the markers on the wing to measure the wind-on wing deflection. These marker locations are shown in Fig. 13 . 15 The model excitation provides an input set of commands of the angle of attack and flap positions. The real-time drag optimization performs the optimization to minimize drag at a target off-design lift coefficient. Several real-time drag optimization algorithms were developed by both SSCI and NASA. SSCI developed a genetic drag optimization algorithm. NASA developed a number of gradient-based optimization algorithms. Both the SSCI and NASA-developed algorithms were tested during the second test entry in April 2018, but only NASA-developed algorithms were tested during the third and final test entry in June 2018.
The details of the onboard aerodynamic model identification, model excitation, and real-time drag optimization are described further as follows.
A. Onboard Aerodynamic Model Identification
The flap positions are defined by a column vector δ = δ 1 . . . δ 6 δ 7 . . . δ 12 where δ i , i = 1, . . . , 6 is the position of the i−th inner cambered flap segment numbered from inboard to outboard and δ i , i = 7, . . . , 12 is the position of the i-th outer or trailing edge cambered flap segment numbered from inboard to outboard. The 12 individual flap segments can be commanded independently or in a prescribed camber. A circular arc camber can be commanded using only 1 n camber of the number of flap segments where n camber is the number of chordwise cambered segments, in a manner such that the positions of the inner cambered flap segments are scheduled in proportion to the positions of the outer cambered flap segments by the following relationship: 
where i = 1, . . . , , n f lap n camber , j = 1, . . . , n camber −1, and n f lap is the total number of flap segments. Thus, for a two-cambered segment VCCTEF configuration, the positions of the inner cambered flap segments are prescribed by the commanded positions of the outer cambered flap segments as
where i = 1, . . . , 6.
The parabolic arc camber can offer a better drag reduction effectiveness than the circular arc camber as found in a recent study. 16 A general parabolic arc camber is described by Thus, for a two-cambered segment VCCTEF configuration, the positions of the inner flap segments are prescribed by
Lift Coefficient Models
Two lift coefficient models are used in the real-time drag optimization to enforce the lift constraint in the real-time drag optimization. They are described as follows.
Linear Lift Coefficient
Model: This is the simplest model which describes the lift coefficient as
This linear lift coefficient model is adequate when the lift curve is reasonably linear. However, in cases where the lift curve is nonlinear due to flow separation or flow at low Reynolds number, then a high-order lift coefficient model may become necessary. This turns out to be the case in the wind tunnel test.
Quadratic Lift Coefficient Model:
A quadratic lift coefficient model describes the quadratic relationship between the lift coefficient and the angle of attack. It is used to capture the nonlinearity between the lift coefficient and the angle of attack due to early stall characteristics at low Reynolds number as seen in the wind tunnel test.
The quadratic lift coefficient model still employs a linear model for the flap positions in order to simplify the real-time drag optimization strategy. The quadratic lift coefficient model is described by
Drag Coefficient Models
The real-time drag optimization employs two drag coefficient models. These models are:
1. Quadratic Drag Coefficient Model: This is the simplest model which describes the drag coefficient as
Initially, the full quadratic drag coefficient model is used during the first test entry. Later on, two assumptions are made in order to simplify the onboard aerodynamic model identification recursive least-squares algorithm. The cross term drag sensitivity vector C D αδ is assumed to be small and therefore can be neglected. The quadratic drag sensitivity matrix C D δ 2 is assumed to be a strictly diagonal matrix with all off-diagonal terms assumed to be negligible. The off-diagonal terms are found to be difficult to estimate accurately by the model identification recursive least-squares algorithm. Moreover, by retaining only the diagonal terms, the number of parameters for the matrix C D δ 2 is substantially reduced from 72 to 12 if all the 12 flap segments are used in the realtime drag optimization strategy, thus resulting in substantial time savings for the onboard aerodynamic model identification. Furthermore, the elimination of the off-diagonal terms simplifies considerably the assurance of positive definiteness of the matrix C D δ 2 by only ensuring that all the diagonal terms are positive-valued. This positive definiteness ensures that the real-time drag optimization strategy can produce feasible solutions. Thus, the simplified quadratic drag coefficient model can be expressed as
2. Higher-Order Drag Coefficient Model: Further increase in the accuracy in the drag coefficient estimation apparently becomes necessary during the wind tunnel test since the measured drag coefficient does not follow the quadratic relationship well as the angle of attack increases beyond a certain limit. Thus, a higher-order drag coefficient model up to 6 th -order is used during the last test entry in June 2018. This model is described by
The onboard aerodynamic model identification process employs a recursive least-squares (RLS) algorithm to estimate the unknown parameters in the onboard aerodynamic model. In addition, a batch least-squares (BLS) algorithm is employed during the final test entry in June 2018. The lift coefficient model can be represented in general as
where
is a column vector of the unknown lift coefficient model parameters corresponding to the input column vector Φ L (α, δ ) = 1 α δ α 2 . The drag coefficient model can be expressed in general as
is a column vector of the unknown drag coefficient model parameters corresponding to the input column vector is a row vector of the diagonal elements of C D δ 2 . The onboard aerodynamic model identification process uses the input data which comprise the angle of attack and the flap positions and the output data which comprise the measured lift and drag coefficients to compute the estimates of the unknown model parametersΘ L andΘ D . Once the parameter estimates converge, then the real-time optimization is conducted to find an optimal solution.
Recursive Least-Squares Method
The recursive least-squares (RLS) method estimates and updates the unknown model parameters at every i-th data point by the following update law:Θ
, and K i is given by
where β > 0 is a constant usually set to 1 and R i > 0 is the covariance matrix with the following update law:
and λ is a forgetting factor which is usually set to 1 but can be adjusted for time-varying noise conditions.
Batch Least-Squares Method
The batch least-squares (BLS) method estimates and updates the unknown model parameters after a specified number of data points has been acquired. It is given by the following update law:
To ensure the model parameter convergence, the input data set has to be sufficiently rich and contain uncorrelated signals. This condition is referred to as the persistent excitation condition which is mathematically expressed by the inequality
where γ > 0 and I is the identity matrix. The input data set that contains values of the angle of attack and flap positions, therefore, must be designed in order to provide enough excitation to ensure sufficient model parameter convergence.
B. Model Excitation
The real-time drag optimization process begins with a model excitation whereby the wing is excited by the control input signals generated by the commanded angle of attack and flap positions. A number of model excitation strategies are developed. These are described as follows.
Random Excitation Method
The default model excitation strategy is to excite the wing with a full input set that contains sufficient number of data points which specify the commands of the angle of attack and flap positions. Since there are 13 control input variables, if each input variable is to be specified over a pre-determined range of values by n randomly generated data points, the number of permutations can be very large and could present a computational challenge if the data acquisition is not sufficiently fast. Therefore, this strategy is generally computationally intensive and can take a long time to achieve model parameter convergence during the wind tunnel test.
Sweep Method
The sweep method is a two-stage model excitation method that includes an initial sweep and a directed sweep. It provides some computational efficiency over the random excitation method. The initial sweep is designed to provide the model excitation to identify the lift coefficient model during the initial stage of the onboard aerodynamic model identification as shown in Fig. 15 .
Figure 15. Initial Sweep Cycle
The data points in the input set during the initial sweep contain both the commanded angles of attack and the flap positions which can be specified a priori during the initialization of the algorithm. Because only the lift coefficient model is to be identified during the initial sweep, the input set can be reduced in size to increase the computational efficiency. After the initial sweep is completed and the lift coefficient model is identified, the estimated angle of attack α is computed from the estimated lift coefficient model using the linear lift coefficient model to match the target off-design lift coefficient
where the hat symbol denotes the model parameter estimates. The flap positions are initially assumed to be at some values such as zero in order to estimate the angle of attack. The wing is then commanded to move to the new angle of attack α =α. A directed sweep is performed next to identify the drag coefficient model as shown in Fig. 16 . The input set now contains only the flap positions while the angle of attack is held constant during the directed sweep. The quadratic drag coefficient model used in the directed sweep therefore becomes a function of the flap positions only and is given by
where the asterisk denotes different quantities than those in Eq. (8).
Figure 16. Initial Sweep Cycle
The onboard aerodynamic model identification is then revised with the drag coefficient model as
is a column vector of the unknown drag coefficient model parameters
Once the drag coefficient model is identified, the real-time optimization process is performed to compute the estimated optimal flap position vectorδ . This set of the newly computed flap positions is then used to update the estimated angle of attackα. The process is then repeated until the estimated angle of attack converges the optimal angle of attack. The sweep method was not exercised during the wind tunnel test due to the issues encountered with the hardware and software during the first two test entries.
Iterative Angle-of-Attack Seeking Method
This model excitation method is proposed during the third entry as an alternative method to both the other model excitation methods to speed up the real-time optimization process. The method decouples the estimation of the model parameters that involves the angle of attack from the estimation of the model parameters that involve the flap positions. The method begins with a clean wing angle-of-attack sweep at zero flap deflections. The lift and drag coefficient models for the clean wing configuration are given bȳ
whereC L andC D are the clean wing lift and drag coefficients at the initial angle of attack. Then, the onboard aerodynamic model identification is applied to the input set which contains only the commanded angles of attack while the flap positions are held fixed at zero. This input set can contain only a few angles of attack. Therefore, a significant time saving can be achieved. The model parameters C L 0 , C L α l , C D 0 , and C D α m can be estimated with reasonable accuracy with a well-chosen input set of the commanded angles of attack. The onboard aerodynamic model identification is then revised with simpler lift drag coefficient models as
is a column vector of the unknown lift coefficient model parameters corresponding to the input column vector Φ L (α) = 1 α α 2 and
is a column vector of the unknown drag coefficient model parameters corresponding to the input column vector Φ D (α) = 1 α . . . α 6 . To meet the target off-design lift coefficient C * L , the clean wing angle of attackᾱ corresponding to C * L is estimated asα
An angle-of-attack command is then issued to move the wing to an initial angle of attack lower thanα since the drag-optimal angle of attack should be less than the clean wing angle of attack with the flap segments in the positive positions which generally create favorable aerodynamics. Once the wing is at the initial angle of attack α, a series of flap position commands are issued to move each of the 12 flap segments, or 6 flap segments if a prescribed camber is used, one at a time while the other flap segments are held fixed through a range of the flap positions contained in the input set. Each of the flap positions contributes incrementally to the lift and drag coefficients as follows:
The model parameters C L δ i , C D δ i , and C D δ 2 i are then computed from this input set for the flap positions. The onboard aerodynamic model identification is revised with the incremental lift and drag coefficient models for the individual flap segments as
is a column vector of the unknown drag coefficient model parameters corresponding to the input
Once the model parameters are estimated, a real-time drag optimization algorithm is used to compute the candidate optimal angle of attack and flap positions. The wing is then commanded to the new angle of attack and flap positions. Each of the flap segments is then commanded to move one by one through the specified range of flap positions in the input set. A new optimal solution of the angle of attack and flap positions is computed and the process is repeated until the solution converges.
C. Real-Time Drag Optimization
Both SSCI and NASA developed the real-time drag optimization algorithms for the wind tunnel test. However, only NASA optimization algorithms were successfully tested during the final test entry in June 2018. The SSCI genetic algorithm was only tested during the second test entry in April 2018 along with NASA second-order gradient Newton-Raphson optimization algorithm both of which were not successful due to the issues with the onboard aerodynamic model identification RLS algorithm.
Once the onboard aerodynamic model identification is complete and returns with a set of estimated model parameters, the real-time optimization process begins. Two algorithms are used: SSCI genetic algorithm which is proprietary and NASA gradient optimization algorithms. The details of the gradient optimization algorithms are discussed in the following section. NASA develops several optimization algorithms for the wind tunnel test. These algorithms are discusses in the following sections.
Second-Order Gradient Newton-Raphson Optimization Method
The second-order gradient Newton-Raphson optimization method is the baseline method implemented. The drag optimization problem is formulated as min
subject to the lift coefficient constraint C L = C * L where, for the general nonlinear lift and drag coefficient models,
The angle of attack then is solved from the nonlinear lift coefficient model as a function of the flap positions as
The gradient of the cost function with respect to the flap positions is evaluated as
where ∂ α ∂ δ is evaluated from the quadratic lift coefficient model as
This yields
The Hessian or second partial derivative of the cost function with respect to the flap positions is evaluated as
The Hessian is then expressed in general as
In order to ensure that the drag optimization attains a local minimum, the Hessian is required to be a positive definite matrix. That is
For the linear lift coefficient model and quadratic drag coefficient model, this condition is identically satisfied since
The Hessian for the linear lift coefficient model and quadratic drag coefficient model then becomes
The second-order Newton-Raphson optimization method is described by the following update law:
It s is noted that a much simpler expression of ∇ 2 δ J = 2C D δ 2 could be used. This would prevent any inaccurate estimation of model parameters that could cause ∇ 2 δ J to be non-positive definite which would result in incorrect optimal flap positions. The method is initialized with an initial guess of the flap positions. Then, the angle of attack is computed from Eqs. (34). The flap positions are then updated by the update law in Eq. (46). The process is repeated until the solution converges to the optimal solution when ∇ δ J ≈ 0.
Iterative Gradient Optimization Method
The iterative gradient optimization avoids the evaluation of the Hessian which can be inaccurate for the general nonlinear lift coefficient and drag coefficient models. The optimization problem is cast an adjoint optimization method by augmenting the cost function with an adjoint variable λ multiplied by the lift coefficient constraint as
The gradients of the cost function with respect to the angle of attack, flap positions, and adjoint variable are evaluated as
These gradients must vanish at the local minimum. Solving for λ from ∇ α J yields
Solving for α from ∇ λ J yields
Both Eqs. (52) and (53) must be solved simultaneously. An iterative solution can be implemented. An initial guess of the optimal angle of attack α = α * is made. Then, the optimal flap position vector δ * is computed from Eq. (52) as
Then, α * is updated from Eq. (53) with the newly computed δ * . The process is repeated until the solution converges. It should be noted that the iterative gradient optimization process is not coupled to the motion of the wind tunnel model. That is, the wing is not commanded to the iterative values of α * and δ * while the iterative gradient optimization algorithm is being computed.
Pseudo-Inverse Optimization Method
The pseudo-inverse optimization method was developed for the final test entry and is found to be a simple yet effective method for real-time drag optimization. Consider an optimization problem which seeks to minimize the incremental lift coefficient at the optimal angle of attack α * as computed by the optimization algorithms. This is expressed as
Then, the cost function is formulated as min
∇ δ J which must vanish at the local minimum can also be expressed as
Solving for δ gives the pseudo-inverse flap position vector δ p
The pseudo-inverse flap positions are the optimal flap positions that minimize the incremental lift coefficient which in turn also minimizes the incremental drag coefficient indirectly. This method does not require the estimation of the drag coefficient model parameters C D α m , m = 1, . . . , 6, C D δ , and C D δ 2 which could cause inaccuracy that would lead to incorrect optimal flap positions.
Analytical Optimization Method
The analytical optimization is developed to provide a quick one-pass solution without the need for iterating the solution. From the linear lift coefficient model in Eq. (5), the optimal angle of attack can be solved as
Upon substitution α into the simplified quadratic drag coefficient model in Eq. (8), one gets
Taking the partial derivative of C D with respect to δ yields
The optimal flap deflection δ * is computed by setting ∂C D ∂ δ = 0. This yields
where C * L is the target off-design lift coefficient. The optimal angle of attack is evaluated as
Iterative Refinement Optimization Method
The iterative refinement optimization method is designed to refine the optimal solution further to improve the accuracy of the real-time drag optimization algorithms after the first optimization cycle is completed. The objective of the iterative refinement cycle is to perturb the angle of attack about the approximately optimal angle of attack α * and the flap position vector about the approximately optimal flap position vector δ * both of which have been computed by the real-time drag optimization algorithm in order to locally improve the accuracy of the drag optimization. The perturbation lift coefficient and drag coefficient models can be formulated by neglecting all the higher order terms of the incremental angle of attack ∆α in the nonlinear lift and drag coefficient models. This yields
where C L (α * , δ * ) and C D (α * , δ * ) are the measured lift and drag coefficients at the approximately optimal angle of attack α * and flap position vector δ * . If the measured lift coefficient is equal to the target off-design lift coefficient C * L to within a specified tolerance upon applying the perturbation input set of the commanded incremental angle of attack and flap positions, then the iterative refinement optimization is not necessary. Otherwise, the iterative refinement optimization computes the optimal incremental angle of attack ∆α * and flap position vector ∆δ * that further minimize the incremental drag coefficient ∆C D while satisfying the incremental lift coefficient constraint. Solving for ∆α from Eq. (66) gives
To minimize the incremental drag coefficient ∆C D , the gradient of ∆C D with respect to the incremental flap position vector ∆δ is evaluated and then set to zero. This yields
The optimal incremental flap position vector ∆δ * is then obtained as
where the asterisk denotes the quantities evaluated at the approximately optimal angle of attack α * and flap position vector δ * . where G ∈ R n active ×n f lap and H ∈ R (nflap−nactive)×nflap with n active < n f lap being the number of the remaining functional flap segments. Then, the lift coefficient and drag coefficient models are revised as
Optimization in the Presence of Non-Operative Flap Segments
Thus, the revised lift coefficient and drag coefficient models can then be identified and used in the real-time optimization drag algorithms without any further issues. The new model parameters
simply become the unknown model parameters to be estimated.
V. Wind Tunnel Experiment
Three wind tunnel test entries took place between September 2017 and June 2018. The results from these test entries are reported in the following subsections.
A. First Test Entry
The first test entry was conducted during the week of September 5, 2017. Originally, this test entry was the only planned test entry. Participated in the test were SSCI personnel, UW personnel, NASA personnel, and Boeing personnel as invited guests. Due to numerous hardware issues encountered, the wind tunnel test was aborted prematurely and the original test objectives were not achieved. The hardware issues were due to the complex nature of the actively controlled CRM wing with a large number of active control surfaces. This is perhaps the first ever attempt to design, build, and test such a complex actively controlled wind tunnel model with so many active control surfaces. So it is not entirely unexpected that hardware issues were encountered.
The primary cause is associated with the flap servos. The flap servo-actuator mechanisms are designed to fit in a tightly confined space to provide a clean aerodynamic surface with no external protuberances. The following observations are made:
• The flap servo-actuators presented the main operating challenge of the CRM wing during the first test entry.
These Spektrum A7050 servos are small RC-type servos which were selected to allow them to fit compactly in the flap servo housing. Due to the confined space and lack of cooling, the servos would overheat. Another contributing factor is the direct drive design of the servos which caused the control hinge moment and aerodynamic loads to transfer directly to the servos. These contributing factors resulted in successive failures of the servos during the test.
• The encoders have no absolute position references. The flap servos have to be exercised through their full range of motion in order to find the encoder zero positions. The repetitive motion of the flap servos at their maximum limits caused further strain on the fragile servos during the test.
• The wiring for the servos is designed to be able to fit tightly in a confined space with limited physical access. Because the servos were frequently operating at close to their maximum load limits, the wiring was found to be inadequate for the amount of current that the servos required. During the last day of the test, the wiring suffered electrical shorts, resulting in the test aborted prematurely.
• The sidewall balance to which the wind tunnel model is mounted was found to have numerous issues such as not responding properly to the commands sent by the control system computer which communicates with the wind tunnel data acquisition system, and in some cases runaways.
• The wind tunnel model satisfies the design requirements for stiffness and wing tip deflection. The VCCTEF implementation satisfies the basic functionality for real-time drag optimization. The elastomer used to connect the flap segments by a bonding method to provide the continuous trailing edge was made of solid silicon rubber during the first test entry. These silicone rubber transition inserts were found to be quite stiff and thus exert additional resisting hinge moment loads on the flap servos which further exacerbated the servo problems. During the test, some of these silicone rubber transition inserts experienced cracking under high differential loads due to the relative flap positions.
During the test, data were acquired continuously by the wind tunnel data acquisition system and the control system developed by SSCI. The angle of attack signal from the sidewall balance was noticed to be too noisy to be used directly for the parameter estimation. The angle of attack signal was filtered by a time-averaged filter (over the last 3/4 of a second) with outlier rejection to reduce noise to an acceptable level. Figure 17 shows the filtered angle of attack signal produced by the SSCI control system computer. Because of the filtering, the plan of acquiring data in a continuous mode for the recursive least-squares parameter estimation was not feasible. Instead, the data had to be acquired in a pitch-pause mode. The lift and drag measurements from the sidewall balance were also very noisy. Figures 18 and 19 show the unfiltered measured raw lift and drag signals produced by the control system computer. These raw force data are without the tare corrections which are normally applied to force measurements. As a result, the unfiltered drag force signal in Fig. 19 is noticed to be negative. The noise in the unfiltered lift force signal is noticed to drastically increase at about 260 sec which corresponds to an angle of attack of 6 • . This increase in the noise level is most likely due to the increase in the unsteady lift force as the flow begins to separate. A first-order Butterworth filter was implemented to reduce the noise levels in the force signals to an acceptable level. The lift curve slope C L α at low angles of attack below 5 • is estimated to be 3.4543. The theoretical C L α for a rigid wing can be estimated to be 4.4144 using the formula
where Λ c/2 is the mid-chord sweep angle which is estimated to be about 30 • , A.R. is the aspect ratio, and ε is the span efficiency factor which is assumed to be 0.9. The L/D ratio of the CRM wing attains a maximum value of 23.33 at C L = 0.3566. The L/D ratio at the design C L = 0.5 is about 22.07 which is almost at the maximum value. This suggests that the CRM wing is nearly optimal with the new jig-shape twist. The VICON system also acquired the wing vertical displacement under the aerodynamic loading during the test. Figures 23 and 24 show the vertical displacements measured by the VICON system at the wing tip leading edge location L14 and the trailing edge location T14 (see Fig. 13 ). The wing tip vertical bending displacement can be computed as the average of the two vertical displacements which gives a value of 8.5 inches. This vertical bending displacement turns out to be precisely 10% of the wing semi-span as designed. The vertical displacement data also suggests a nose-down torsional twist. The vertical displacement differential between the leading edge and trailing edge is about -0.58 inches. If the distance between the locations L14 and T14 is about equal to the tip chord of 8.8 inches, then the wing tip torsional twist is about −3.8 • . 
B. Second Test Entry
During the following months after the first test entry, the hardware issues were actively addressed by a complete redesign of the servo hardware and wiring. Another attempt to re-start the wind tunnel test was made during the week of December 4, 2017, but the wing was still not ready. A second test entry was scheduled during the week of April 9, 2018. During this test entry, an issue was encountered with the sidewall balance drive motor which communicates the angle of attack to the control system computer. This issue and the model calibration took almost the whole entire week. The test finally began on April 13 and ended on April 19. A total of 89 runs were acquired during this test entry. Because of the previous issue encountered with the sillicone rubber transition inserts, these inserts were removed from the wing for the initial portion of the test while the 3D-printed transition inserts were still in fabrication. The flap system thus is referred to as a variable camber discrete trailing edge flap (VCDTEF). The 3D-printed transition inserts were installed on the wing starting with run 72 on April 19.
Both NASA Newton-Raphson optimization algorithm and SSCI genetic algorithm were exercised during the test. However, they both produced unexpected results which did not produce the expected drag reduction. A preliminary investigation revealed that the onboard aerodynamic model identification RLS algorithm was not able to accurately estimate the model parameters perhaps due to insufficient and or noisy data, uncertainty in the flap positions, and the general experimental uncertainty. Figure 25 shows the range of the flap positions of the VCDTEF configured in a circular arc camber during an optimization run on April 18 at 14:48 hour PDT. Flap 1B position varies as much as −1.2 • . Flap 3A was apparently inoperative during this run as well as during the entire test. It should be noted that the flap positions have an uncertainty of about 1 degree. So the exact flap positions could be quite different from the values indicated in Fig. 25 . Figures 26-31 show the parameter estimates computed by the RLS algorithm. These figures reveal the problem with the onboard aerodynamic model identification RLS algorithm. The same set of data was analyzed during the post-test analysis using the BLS algorithm. The test was conducted at q ∞ = 10 psf which is used throughout the test unless otherwise noted. All the 6 elements of the cross term drag sensitivity vector C D αδ and the 18 elements of the quadratic drag sensitivity matrix C D δ 2 were estimated. Figure 26 shows the estimates of C L 0 , C L α , and C L α 2 . The C L 0 estimate computed by RLS algorithm converges to a large value. Its estimate computed by BLS algorithm is smaller and agrees with the lift coefficient data as shown in Fig. 32 . Comparing this lift curve to the lift curve from the first test entry, it is apparent that they are not the same. The change in C L 0 is unexplained. One possible explanation is that the reference zero angle of attack in the sidewall balance could somehow be set differently from that in the first test entry. Another possible explanation is that Flap 3A could have failed in a stuck positive downward position which would have cause the lift coefficient to increase. The lift curve in the second test entry is also more linear than that in the first test entry. This is likely due to the use of the boundary layer transition trip strip on the wing at the leading edge in the second test entry. The C L α estimate computed by the RLS algorithm converges to a negative value which is troubling whereas its estimate computed by the RLS algorithm is positive and is correct. Figure 32 is the plot of lift curves of the clean wing for three different runs over a range of the angle of attack from −15 • to 13 • . The lift coefficient data from these three runs which were taken over three different days from April 17 to April 19 show very good repeatability. The lift curve slope C L α in the linear region is estimated to be 3.7216. Figure  33 is the plot of the drag polars for the three runs. The drag coefficient data show very good repeatability. The low drag region appears to correspond to a range of the lift coefficient between -0.45 and 0.7. Figure 34 is the plot of the L/D ratios for the three runs, showing a maximum L/D ratio of about 25.35 at C L = 0.6. Comparing to the maximum L/D ratio of 23.33 at C L = 0.3566 in the first test entry, the wing in the second test entry is aerodynamically different from the wing in the first test entry. Figure 35 is the plot of the lift curves for run 71 with the VCDTEF and run 72 with the VCCTEF when the 3Dprinted transition inserts were first installed on the wing. Prior to run 72, the gaps between the flap segments were not covered. Spacers were made to bring the flap side edges closer to each other to within a measured tolerance of 1/16 inches. This tight gap is as close as it can be made without causing rubbing. This flap configuration is referred to as VCDTEF. Figure 35 perhaps presents for the first time the effect of the continuous trailing edge on the lift coefficient which can be seen to be quite significant. The VCCTEF produces an incremental lift coefficient ∆C L of 0.0386 at the zero angle of attack or equivalently a reduction in the angle of attack of 0.48 • . The lift reduction associated with the VCDTEF is due to the flow leakage through the small flap gaps which causes spanwise vortices to form. The spanwise vortices effectively cause the lift distribution to reduce toward the flap side edges. Figure 36 presents for the first time the effect of the continuous trailing edge on the drag coefficient which is significant in the operating range of the lift coefficient between 0.35 and 0.65 (±30% over the design lift coefficient C L = 0.5). The difference in the drag coefficient is 13 counts (1 drag count = 0.0001) or 5% at C L = 0.65 and 2 counts or 1.4% at C L = 0.35. It is of an academic interest to note that at negative lift the VCCTEF actually produces more drag than the VCDTEF. Figure 37 is the plot of the L/D ratios for the VCDTEF and VCCTEF. The VCCTEF produces a L/D ratio of 26.34 which is a 4% increase from the L/D ratio of 25.35 for the VCDTEF. Because of the issue with the onboard aerodynamic model identification, both SSCI and NASA real-time drag optimization algorithms failed to produce meaningful solutions. SSCI conducted a post-test optimization but all the optimization runs resulted in predicting a negative drag coefficient. NASA also conducted a post-test optimization but the results are more encouraging. A regression analysis was performed on the recorded test data from 13 runs from April 13 to April 18 as shown in Figs. 38 and 39 which show the lift and drag coefficients as functions of the angle of attack. The lift and drag coefficients are then constructed from the regression for the post-test drag optimization for a target design C * L = 0.65. The post-test optimization produces the optimal flap positions as shown in Fig. 40 corresponding to an angle of attack of 3.61 • . A circular arc camber is used and flap 3A is set to zero. The regression analysis produces a clean wing drag coefficient of 325 counts as compared to 270 counts from the clean wing test data. The optimization produces a drag coefficient of 258 counts which represents a drag reduction of 67 counts or 20%. For the obvious reason, this drag reduction is overly optimistic since the regression over-predicts the drag coefficient. Nonetheless, the post-test optimization results suggest that the real-time drag optimization could achieve a significant drag reduction at the target off-design C * L = 0.65. This gives the confidence that an optimal solution could be found during the next test entry provided that no further setback would be encountered. The SBIR Phase II contract with SSCI concluded with the second test entry. NASA decided to further pursue the additional testing. A plan was developed following the second test entry to resolve the issues encountered with the RLS algorithm. This plan includes adding the BLS algorithm, which is shown in simulations to work better than RLS method, and also the iterative angle-of-attack seeking method in order to speed up the test, as well as a number of additional real-time drag optimization algorithms.
C. Final Test Entry
The third and final test entry took place during the week of June 25, 2018 and concluded on July 2, 2018. The test was conducted by NASA personnel as SSCI completed their contract requirements with the second test entry in spite of not being able to fully meet the test objectives.
A root-cause analysis was conducted over the month of April and May, leading to the conclusion that the issues with the RLS algorithm could be traced to the initialization of the algorithm. It appears that the initial values of the covariance matrix and the parameter estimates were not properly set, thereby causing the onboard aerodynamic model identification to fail to converge to the correct values. Several changes and improvements are made to the RLS and real-time drag optimization algorithms as follows:
1. The initialization of the RLS algorithm are updated with better initial values.
2. Nonlinear lift and drag coefficient models are added as the data from the second test entry suggest.
3. The BLS algorithm is added since it is seen to perform better than the RLS algorithm. The BLS algorithm processes the data all at once when enough data are acquired as opposed to the RLS algorithm which processes the data as they stream in one at a time.
4. The iterative gradient optimization method is developed to improve upon the second-order Newton-Raphson optimization method.
5. The pseudo-inverse optimization method is also developed to offer an alternative real-time drag optimization method that does not required a drag coefficient model which greatly simplifies the real-time drag optimization strategy.
6. The iterative angle-of-attack seeking method is developed to speed up the test since the current random excitation method is rather slow and can take a long time to acquire enough data for onboard aerodynamic model identification.
7. General software fixes are also made to fix minor issues with the software. Figure  44 shows the standard deviation in the flap position error for all the flap segments. Flap 5B has the largest standard deviation of 1.0318 • in the flap position error. This flap proves to be troublesome for the real-time drag optimization algorithms. The mean standard deviation is 0.3846 • . The flap uncertainty analysis shows that on an average the flap position errors could be about ±0.4 • with some flap segments experiencing more or less than this amount.
The third test entry is generally a successful test. It was able to demonstrate successfully the real-time drag optimization strategy for the first time since the test started in September 2017. The third test entry also identifies some lingering issues with the flap actuators. There is a large discrepancy between the commanded flap positions and the actual measured flap positions using an inclinometer, thereby occasionally requiring manual verification of the flap positions in between some optimization runs. The servos experienced a runaway problem during the test, thereby causing overstressing and damage to the flap servos and the 3D-printed transition inserts. Two target off-design lift coefficients were selected: C * L =0.65 and C * L = 0.7. The off-design C * L = 0.65 represents a 30% increase over the design C L = 0.5 as suggested by Boeing. The off-design C * L = 0.7 is selected to provide more sensitivity to the real-time drag optimization since the maximum L/D ratio occurs near the off-design C * L = 0.65. During the initial part of the test, the onboard aerodynamic model identification uses the RLS algorithm to perform the parameter estimation. The linear lift coefficient model and simplified quadratic drag coefficient model are used. The analytical optimization method is used to compute the optimal angle of attack and flap positions. During the latter part of the test, the iterative angle-of-attack seeking method is used to identify the onboard aerodynamic model using the BLS algorithm. The nonlinear lift and drag coefficient models are used during this portion of the test. Both the iterative gradient optimization method and the pseudo-inverse optimization method are used to compute several optimal solutions. During this portion of the test, the servos became problematic, thus resulting in the manual setting of the flap positions. Figure 45 shows the estimates of C L 0 , C L α , and C L δ computed by the RLS algorithm for Run 19. The parameter convergence of C L 0 and C L α is achieved quickly after no more than 10 test points. These parameter estimates converge to their approximately correct values which are positive as expected. The C L δ estimates converge much more slowly than the C L 0 and C L α estimates. The C L δ estimates for all the flap segments except Flap 2B converge to positive values as expected. Figure 46 shows the estimates of C D 0 , C D α , and C D α 2 computed by the RLS algorithm for Run 19. All of these parameter estimates converge to positive values as expected. The parameter convergence is achieved quickly after no more than 10 test points. Using the converged parameter estimates computed by the RLS algorithm, the analytical optimization is used to compute the optimal angle of attack to be 1.41 • and the flap positions as shown in Fig. 48 . Flap 1B is seen to be the most dominant in the optimal solution. Flaps 4B, 5B, and 6B are rather inactive. Figure 50 shows the drag polar for the analytical optimization Run 24 in comparison to the drag polars for the clean wing. The drag coefficient for Run 24 is 324 counts. The average drag coefficient for the clean wing is 332 counts. Therefore, an 8 count or 2.4% drag reduction is achieved by the analytical optimization method. This drag optimization run demonstrates successfully the real-time drag optimization objective of the wind tunnel test. The drag reduction at the off-design C * L = 0.65 is small relative to the post-test optimization results. Figure 51 shows the L/D ratio for the analytical optimization Run 24 as compared to the L/D ratios for the clean wing Runs 2, 10, and 22. It is interesting to note that the maximum L/D ratio for the analytical optimization Run 24 is about the same as the maximum L/D ratios for the clean wing but occurs at a different lift coefficient. The real-time drag optimization causes the L/D curve to shift to the right. This causes the L/D ratio to increase over that of the clean wing at the off-design C * L = 0.65. It also should be noted that the maximum L/D ratio for the CRM wing in the third test entry is smaller than that for the CRM wing in the second test entry. Thus, the two wings are aerodynamically different. At this point in the test, the nonlinear lift and drag coefficient models are used as test data from Run 25 suggest. Figure 52 illustrates the lift curve for the clean wing Run 25. As seen, there is a nonlinear behavior in the lift curve. The linear lift coefficient model does not correlate well with the lift curve data. The quadratic lift coefficient model achieves a much better correlation than the linear lift coefficient model. A series of test runs were conducted on June 29 using the iterative angle-of-attack seeking method for the first time to speed up the test. The following specific procedures were implemented:
• Conduct a clean wing angle-of-attack sweep from α = −6 • to α = 6 • .
• Set the wing at the trial optimal angle of attack α * =ᾱ − 0.5 • whereᾱ is the clean wing angle of attack at the off-design C * L = 0.65 or C * L = 0.7
• Set the flap position for each of the flap segments to 2 • , 4 • , and 6 • for each run while keeping all the other flap positions at zero.
• Compute the optimal solution using the iterative optimization method which can better handle the nonlinear lift coefficient and drag coefficient models. This results in the new optimal angle of attack α * and flap position vectors δ * .
• Set the wing at the new flap position vector δ * and conduct an angle of attack sweep.
• Set the wing at the new optimal angle of attack α * and perturb the flap position for each of the flap segments ±2 • about their respective optimal flap positions to perform the iterative refinement optimization. This results in the improved optimal angle of attack α * and flap position vectors δ * .
• If the drag coefficient at the off-design C * L is less than the clean wing drag coefficient, the optimization is completed.
It should be noted that the flap settings in these series of test runs were performed manually with the flap positions verified with an inclinometer. This is due to the gradual degradation of the flap servos, thereby preventing them from being commanded properly by the control system.
The BLS algorithm is used to perform the parameter estimation during the iterative angle-of-attack seeking procedure. Figures 54 and 55 show the incremental lift and drag coefficient estimates computed by the BLS algorithm. It can be seen that Flap 1B is the most dominant flap that produces the largest incremental lift and drag coefficients. Flaps 2B, 4B, and 6B have negative slopes in the incremental drag coefficient which are unexpected. There is a high degree of data scatter in the BLS parameter estimation due to the uncertainty in the flap positions. In addition to the off-design C * L = 0.65, the off-design C * L = 0.7 is also chosen because the L/D of the clean wing shows that the maximum L/D ratio occurs very close to C L = 0.65 as can be seen in Fig. 51 . By selecting the offdesign C * L where the L/D ratio is not too close to its maximum value, the drag optimization may have a reasonable chance of finding feasible solutions.
Using the parameter estimates, the iterative gradient optimization method is implemented to compute 11 candidate optimal solutions. In addition, four pseudo-inverse optimization solutions are computed. In the optimization, four different flap options are considered: 1) optimization with all the flap segments, 2) optimization with only Flap 1B since it is the most dominant flap segment, 3) optimization with Flap 5B removed since it consistently shows a negative value in the iterative gradient optimization, and 4) optimization with both Flaps 3B and 5B removed for the same reason as the reason for removing Flap 5B. These solutions are presented in Table 2 . It can be seen from Table 2 that the computed drag coefficients C * D corresponding to C * L = 0.65 for the optimization are in all but one cases indeed are greater than the clean wing drag coefficientC D . This confirms the possibility of infeasible solutions for the off-design C * L near the maximum L/D ratio. Because of the lack of time, only a select few of these solutions; namely, OS 1, OS 3, OS 9, PS 1, and PS 3, were actually conducted on July 2 when the test was in the final day. Also because of the lack of time, the iterative refinement optimization was not implemented. Table 3 shows the results of the five optimization runs. The OS 1 computed by the iterative gradient optimization method yields the largest drag reduction among the three OS 1, OS 3, and OS 9. It achieves a 5 count or 2.0% drag reduction for the design C L = 0.5, 13 count or 3.9% drag reduction for the off-design C * L = 0.65, and 18 count or 4.7% drag reduction for the off-design C * L = 0.7. The pseudo-inverse optimization method interestingly enough produces the largest drag reduction for the off-design C * L = 0.7 of 36 counts or 9.4% with the PS 3. The pseudo-inverse optimization method produces varying degrees of drag reduction in all cases for the off-design C * L = 0.65 and C * L = 0.7. Notes: (1) : Without repeat data points included -these data points are taken when there are questions about test results. C D : Computed clean wing drag coefficient at the corresponding C * L in counts C * D : Computed drag coefficient at the corresponding C * L for corresponding solution in counts OS: Optimal Solution computed by iterative gradient optimization PS: Pseudo-Inverse Solution computed by pseudo-inverse optimization All angles of attack and flap positions are in degrees.
Design
Off-Design Off-Design C L = 0.5 C * L = 0.65 C * L = 0. Figure 56 shows the lift curves for the optimization runs. Figure 57 shows the plot of the drag polars for the optimization runs. It can be seen that the OS 1 optimization Run 53 shows a considerable drag reduction over the clean wing for a wide range of the lift coefficient from C L = 0 to C L = 0.79. Figure 58 shows the plot of the L/D curves for the optimization runs. It can be seen that the OS 1 optimization Run 53 produces the largest maximum L/D ratio of 20.95 as compared to the clean wing L/D ratio of 20.15, a 4% increase. The PS 3 optimization Run 58 achieves the maximum L/D ratio of 20.21 over the widest range of the lift coefficient from C L = 0.53 to C L = 0.72, thus resulting in a larger drag reduction than all other optimization runs. 
VI. Conclusions
A real-time drag optimization experimental investigation has been presented. The real-time drag optimization wind tunnel test was conducted in the University of Washington Aeronautical Laboratory (UWAL). The wind tunnel model is a CRM (Common Research Model) wing with a modified wing flexibility to achieve a wing tip deflection of 10% of the wing semi-span. The open CRM geometry is modified to incorporate an optimized jig shape twist computed by an aero-structural optimization using CART3D to account for the modified wing flexibility. The wing is a complex design with an actively controlled variable camber continuous trailing edge flap (VCCTEF) system comprising twelve individual control surfaces. Each of the control surfaces is driven by a servo mechanism commanded by a control system. The real-time drag optimization strategy includes an onboard aerodynamic model identification which performs model parameter estimation using a recursive least-squares (RLS) algorithm and a batch least-squares (BLS) algorithm. Several real-time drag optimization methods are developed.
The wind tunnel test was conducted in three test entries over a period from September 2017 to July 2018. The first test entry in September 2017 identified major hardware issues with the flap servo mechanisms and related problems. These issues were traced to the overheating and overloading problems with the servos. These issues caused the test to be aborted prematurely. A redesign effort ensued to upgrade the servos with a more robust design.
The second test entry took place in April 2018. The test was able to proceed without major hardware issues. However, an issue was identified with the onboard aerodynamic model identification RLS algorithm. The parameter estimates computed by the RLS algorithm failed to converge to their correct values due to an initialization problem in the algorithm, resulting in inaccuracy in the lift and drag predictions by the onboard aerodynamic model. As a result, the real-time drag optimization failed to work properly.
During the second test entry, the silicone rubber transition inserts for the VCCTEF were removed due to cracking and because they also cause overloading of the servos. Plastic inserts were fabricated and installed in the flap gaps to bring the flap side edges closer to within 1/16 of an inch. The resulting flap configuration is referred to as a variable camber discrete trailing edge flap (VCDTEF) system. The VCCTEF later was restored with new 3D-printed transition inserts. These two types of flap designs were tested and the data show a considerable reduction in the angle of attack and drag reduction at the same lift coefficient. The VCCTEF produces less drag by 13 counts or 5% at the design lift coefficient than the VCDTEF which confirms the benefit of the VCCTEF.
The third and final test entry took place in June 2018. Several changes and improvements were made to the software and the real-time drag optimization strategy. An iterative angle-of-attack seeking method is developed and implemented in the test to speed up the real-time optimization process. Three additional optimization methods are developed: the iterative gradient optimization, the pseudo-inverse optimization, and the analytical optimization. The onboard aerodynamic model identification RLS algorithm was able to perform parameter estimation properly. The real-time drag optimization using the analytical optimization method produces 8 count or 2.4% drag reduction at the off-design lift coefficient of 0.65. The iterative angle-of-attack seeking method was conducted in the latter part of the test when the servos began to experience issues. The onboard aerodynamic model identification was performed using the BLS algorithm. The iterative gradient optimization and the pseudo-inverse optimization are used to compute several candidate optimal solutions. Some of these solutions were verified experimentally in the test. The iterative gradient optimization produces up to 18 count or 4.7% drag reduction for the off-design lift coefficient of 0.7. The pseudo-inverse optimization which does not require the drag coefficient model is found to be quite effective in reducing drag. Up to 36 count or 9.4% drag reduction for the off-design lift coefficient of 0.7 is achieved with the pseudo-inverse optimization.
In summary, the objectives of the real-time drag optimization experimental investigation have been successfully demonstrated. The methods developed in this investigation could provide new capabilities to enable future adaptive wing technologies for next-generation aircraft to further improve fuel economy.
